In northern Argentina, the assessment of degraded forests is a big challenge for both science and practice, due to their heterogeneous structure. However, new technologies could contribute to mapping post-disturbance canopy cover and basal area in detail. Therefore, this research assesses whether or not the inclusion of partial cover unmanned aerial vehicle imagery could reduce the classification error of a SPOT6 image used in an area-based inventory. BA was calculated from 77 ground inventory plots over 3944 ha of a forest affected by mixed-severity fires in the Argentinian Yungas. In total, 74% of the area was covered with UAV flights, and canopy height models were calculated to estimate partial canopy cover at three tree height classes. Basal area and partial canopy cover were used to formulate the adjusted canopy cover index, and it was calculated for 70 ground plots and an additional 20 image plots. Four classes of fire severity were created based on basal area and adjusted canopy cover index, and were used to run two supervised classifications over a segmented (algorithm multiresolution) wall-to-wall SPOT6 image. The comparison of the Cohan's Kappa coefficient of both classifications shows that they are not significantly different (p-value: 0.43). However, the approach based on the adjusted canopy cover index achieved more homogeneous strata (Welch t-test with 95% of confidence). Additionally, UAV-derived canopy height model estimates of tree height were compared with field measurements of 71 alive trees. The canopy height models underestimated tree height with an RMSE ranging from 2.8 to 8.3 m. The best accuracy of the canopy height model was achieved using a larger pixel size (10 m), and for lower stocked plots due to high fire severity.
Introduction
The assessment and recuperation of degraded forest is a great challenge for science and practice [1, 2] . Furthermore, even when the most relevant international institutions have already proposed guidelines for the restoration of degraded lands [3] [4] [5] [6] , the definition of degraded lands is still in discussion by the most relevant international institutions [7] , and it is in many studies addressed as a self-explanatory concept [8, 9] . In the Argentinian Yungas, land use change into agricultural systems and forest degradation are driving the forest sector to a critical status due to the economical loss created by the low stock of wood products [10] . In order to plan adaptive forest management assess forest severity in a boreal forest in Canada. Puliti et al. (2018) [50] used combined ground plots with partial cover UAV imagery and Sentinel-2 data on a hierarchical model-based inference to predict ground stock volume. After rigorous statistical analysis, they found similar estimates were obtained when comparing this approach (SE = 3.53%) and the area-based approach using ALS data (SE = 3.33%). However, most of the studies conducted to-date [32, 34, 37, 44, 46, 49, 50] have been over even-aged stands, reporting good estimations of canopy external structure. White et al. (2013) [36] recommended further studies analysing the limitation of using UAV image point clouds on area-based approach inventories applied to heterogeneously structured forests.
In order to evaluate how partial cover UAV imagery can contribute to the assessment of disturbed remote forest areas, this research aims to assess the quality of photogrammetric CHMs over a gradient of degradation of forest affected by mixed-severity fires in a case study in the Yungas Cloud Forest in northern Argentina. The second aim is to assess the feasibility of using those CHMs to support the stratification of forests in order to improve the accuracy of medium scale forest inventories by combining the partial cover of UAV imagery with wall-to-wall satellite images and ground inventory. These aims arise from the hypothesis that accurately training satellite image classification with partial cover UAV photogrammetric data would allow researchers to reduce the classification error of the wall-to-wall satellite images. Therefore, the first objective of this research is to assess the precision of photogrammetric CHM across a gradient of fire severity. The second objective is to compare the classification error of a same SPOT 6 image in four fire severity strata trained by two different data inputs: (1) BA from a plot-based forest inventory, and (2) BA from a plot-based forest inventory and CHM metrics calculated from partial cover UAV imagery.
Materials and Methods

Study Area
The study area (Florestoona forest) is a private native forest affected by mixed-severity fires in the temperate 'Selva Pedemontana de Yungas', 29 km to the Northwest from the city of Embarcación in the province of Salta, Argentina. Yungas Cloud Forest is a seasonal subtropical ecosystem located in the Argentinian north-western Andean mountains between 400 and 3000 m a.s.l. [51] . Northern Argentina represents the most southern part of this ecological district, which occupies a major area in Peru and Bolivia. In Argentina, it is latitudinally extended to 700 km from the provinces of Catamarca (29 • S) through Tucumán, Jujuy, and Salta, to the border with Bolivia (22 • S), but the maximum longitudinal extension is not greater than 50 km [52] .
The case study is located in the northern piedmont, also known as the floristic district of 'palo blanco y palo amarillo', where woody lianas and annual vines are abundant. In Florestoona, intensive harvesting has been implemented for more than 100 years, causing the decrease of stock and the economic value of the forest [53] . Furthermore, recurrent fires have affected the area. The last one took place after an exceptionally dry season in November 2013, mainly affecting the area under intensive forest management. This fire affected 3944 ha in the cadastre area of interest, although some patches are left unaffected within this area. Before the fire, in 2008, a forest inventory was conducted in Florestoona, finding an average BA of 17.15 m 2 /ha [53] (Figure 1 ), which is higher than the actual average in the Yungas Pedemontana [54] . Figure 1 . Location of the case study field and ground inventory plots. The perimeter of the area affected by the mixed-severity fire from November 2013 was extracted from the shown Landsat 8 scene from 19 December 2013. The 77 measured plots covered an area of 7.7 ha (out of the 3944 ha affected by the fire on the case study field).
Plot-Based Field Inventory
A first delineation of the burned area was done on a Landsat 8 scene from 19 December 2013 [20, 55] . In August 2015, in a pilot survey inventory, a total number of 24 plots every 200 m were set in six transects randomly located beside existing roads. Tree species, diameter at breast height (DBH, with diameter tape), tree height (with Vertex IV and Transponder T3 v.1.0), and observations of the plot and of the individual trees were recorded. The locations of the plots were recorded with differential GPS every second during five minutes, and corrected with the UNSA (Salta) station during post-processing. Two circular concentric subplots were measured: an inner subplot of 300 m 2 for trees with a DBH value lower than 30 cm, and an outer subplot of 1000 m 2 for trees with a DBH value of 30 cm or more. The inner subplot was adapted to 1000 m 2 when the number of trees was lower than eight. This design combines the two concentric mixed radii plot design with n-tree sampling [56] , having the advantage of being adaptive to tree density [57] , and keeping the radii from the plot design recommended for the Yungas forest [54] .
In order to obtain a target stratified relative estimation error lower than 20% (based on BA), which is prescribed for valid inventories in Argentina [54] , a second survey was carried out in two stages (December 2015 and November 2016). During the first stage, an additional 23 plots were randomly located over a grid of 500 m, and during the second stage, 30 stratified plots were randomly located and measured. Plot size, shape, and information collected were equivalent to those from the pilot survey inventory. Additionally, at that phase of the inventory, within the stratified randomly located plots, 90 'reference trees' (three per plot) were selected, and their displacement from the centre of the plot was measured with a vertex and compass. Those trees were later used to assess the prediction of tree height from the CHMs. The 77 measured plots (24 from the pilot survey and 53 from the second survey) covered a total area of 7.7 ha. 
In order to obtain a target stratified relative estimation error lower than 20% (based on BA), which is prescribed for valid inventories in Argentina [54] , a second survey was carried out in two stages (December 2015 and November 2016). During the first stage, an additional 23 plots were randomly located over a grid of 500 m, and during the second stage, 30 stratified plots were randomly located and measured. Plot size, shape, and information collected were equivalent to those from the pilot survey inventory. Additionally, at that phase of the inventory, within the stratified randomly located plots, 90 'reference trees' (three per plot) were selected, and their displacement from the centre of the plot was measured with a vertex and compass. Those trees were later used to assess the prediction of tree height from the CHMs. The 77 measured plots (24 from the pilot survey and 53 from the second survey) covered a total area of 7.7 ha.
UAV Imagery Acquisition
In total, 31 UAV flights were conducted in December 2015 to acquire aerial images, using a fixed-wing UAV (eBee, SenseFly Ltd., Cheseaux-sur-Lausanne, Switzerland) covering 74% of the burned area. The filters of the employed consumer grade compact camera (Canon PowerShot S110, Canon Inc., Tokyo, Japan) were modified by the UAV provider to take pictures in the near infrared (NIR), red, and green wavelength ranges. Flight lines maintained a constant altitude of 284 m above ground level, preferably parallel to altitude isolines, and with an overlap of 75% side and forward [39] . Missions were planned in advance with the software eMotion 2.4 (SenseFly Ltd., Cheseaux-sur-Lausanne, Switzerland), either individually or as a group of flights. Groups were arranged based on the time consumption to cover the full areas in consecutive missions in order to avoid differences in weather conditions reflected on the images. Flights were conducted between 11:00 and 14:00, since the inclination of sun rays at that time of day has the minimal shade effect on the resulting images. Being equipped with three batteries and two chargers, up to six flights per day were feasible, although many flights were cancelled due to strong wind (speed higher than 6 m/s) in order to reduce branch movement and image blur, which would negatively affect key-points matching. Figure 2 presents the workflow, which is further explained in the following subsections. After delineating the perimeter of the fire on a Landsat 8 scene, a SPOT6 multispectral image was acquired to conduct two supervised classifications into four fire severity strata ('fully stocked', 'burned', 'severely burned', and 'very severely burned'). One of the classifications was trained with BA data from ground inventory data, and the other one with adjusted canopy cover index (ACCI) data. ACCI was formulated from the correlation of BA (from ground inventory) against partial canopy cover at three tree height classes (estimated from UAV-imagery derived CHMs). Cohen's kappa coefficient and stratified estimation errors were compared to define whether or not including UAV-derived metrics improves the precision of the classification. In both classifications, part of the data was used as classification samples, but the whole dataset from the ground inventory was used to estimate classification errors (only one plot was excluded in this step because it was located outside the fire perimeter). For the first BA-based classification, 47 basal area data points from the plot-based field inventory were used to select classification samples [58] . For the ACCI-based classification, 64 samples were selected: 44 out of the 77 ground inventory plots, and an additional 20 image plots. Figure 2 . Workflow to complete the two image classifications into fire-severity strata. Blue parallelograms represent data inputs (on top) and criteria used for the classification (in between the processes); green rectangles represent intermediate processes; and orange ovals represent the resulting classification. Both outputs (BA-based and ACCI-based classifications) are classifications o the same SPOT image into four fire severity strata based on the damage to forest stocks ('fully stocked', 'burned', 'severely burned', and 'very severely burned') using two different data inputs.
Workflow
Photogrammetric Processing
UAV imagery has been attached with coordinates from the autopilot, and then further processed with the Structure from Motion (SfM) software Pix4discovery by Pix4D 3.1.22 [59] . The software, after several steps: interior and exterior camera calibration, image matching, and optimization (automatic aerial triangulation and bundle block adjustment), calculates a dense 3D-point-cloud (LAS file) and orthomosaic. Georeference of the scene was conducted directly based on GPS information attached to the picture files from the UAV-GPS device [60] .
Point clouds were processed in the ArcGIS 10.3 environment to convert the LAS dataset to raster files by employing the void fill method 'natural neighbour' [61] . A single DSM and two DTMs were calculated: the DSM with a 0.5 m/pixel resolution, one DTM with a 5 m/pixel resolution (DTM5), and a second one with a 10 m/pixel resolution (DTM10). For computational efficiency, all data were resampled, to the same resolution of 0.5 m/pixel using the 'nearest' resampling method. Two CHMs were calculated as a result of deducting the resampled DTMs from the DSM. One was calculated using the DTM5 (CHM5), and the other using the DTM10 (CHM10). The accuracy of the CHMs was later compared based on ground measurements of 'reference trees' heights [35, 42] . Both outputs (BA-based and ACCI-based classifications) are classifications o the same SPOT image into four fire severity strata based on the damage to forest stocks ('fully stocked', 'burned', 'severely burned', and 'very severely burned') using two different data inputs.
Point clouds were processed in the ArcGIS 10.3 environment to convert the LAS dataset to raster files by employing the void fill method 'natural neighbour' [61] . A single DSM and two DTMs were calculated: the DSM with a 0.5 m/pixel resolution, one DTM with a 5 m/pixel resolution (DTM5), and a second one with a 10 m/pixel resolution (DTM10). For computational efficiency, all data were resampled, to the same resolution of 0.5 m/pixel using the 'nearest' resampling method. Two CHMs were calculated as a result of deducting the resampled DTMs from the DSM. One was calculated using the DTM5 (CHM5), and the other using the DTM10 (CHM10). The accuracy of the CHMs was later compared based on ground measurements of 'reference trees' heights [35, 42] .
Tree Height and Adjusted Canopy Cover Index
Canopy cover (CC) was calculated from CHM10 ( Figure 3 ) at ground inventory plots. Grids of 37 points spaced every 5 m, and covering 100 m 2 , were created in order to have a reduced number of data, and feasibly control the data in cases of dense canopy cover producing pixelation. Since it is expected that CC from tall trees has a greater effect on BA than CC from shorter trees, forest vertical structure was stratified into three tree height classes (THC). Partial CC was calculated for 70 plots out of the 77 from the forest inventory (seven were excluded due to image blur): Trees under 5 m were ignored in order to avoid accounting shrubs as trees. Nurminen (2013) [35] proposed this filter using a height threshold of 2 m, but in this study, it was adapted to 5 m, since it better represents the site conditions. Canopy cover (CC) was calculated from CHM10 ( Figure 3 ) at ground inventory plots. Grids of 37 points spaced every 5 m, and covering 100 m 2 , were created in order to have a reduced number of data, and feasibly control the data in cases of dense canopy cover producing pixelation. Since it is expected that CC from tall trees has a greater effect on BA than CC from shorter trees, forest vertical structure was stratified into three tree height classes (THC). Partial CC was calculated for 70 plots out of the 77 from the forest inventory (seven were excluded due to image blur): Trees under 5 m were ignored in order to avoid accounting shrubs as trees. Nurminen (2013) [35] proposed this filter using a height threshold of 2 m, but in this study, it was adapted to 5 m, since it better represents the site conditions. BA was correlated against partial CC through multiple linear regression using the software R 3.4.2 [62] , as shown in Formula (1):
In Formula (1), BA is the basal area of the given plot; 'a', 'b', 'c', and 'd' are the constant coefficients of the independent variables. Independent variables express partial CC at every THC: THC1 (CC from tree heights between 5 and 10 m), THC2 (CC from tree heights between 10 and 20 m), and THC3 (CC from trees higher than 20 m).
Coefficients 'a', 'b', and 'c' are a measure of the effect of the variables THC1, THC2, and THC3 on the prediction of BA, respectively [63] . For example, assuming that the other variables are constant, a change in one unit on THC1 will increase the predicted value of BA by a m 2 . Since independent variables scales are identical (all range from 0 to 100), the impact of the tree height classes on BA can be compared directly [64] . The transformation of the model by dividing the coefficients by 'b' gives three new ratios; one of those (b/b) is equal to one, and therefore, can be discarded. The other two ratios express the importance of THC1 and THC3 in comparison with THC2 based on the estimation of BA (Formulas (2) and (3)). BA was correlated against partial CC through multiple linear regression using the software R 3.4.2 [62] , as shown in Formula (1):
Coefficients 'a', 'b', and 'c' are a measure of the effect of the variables THC1, THC2, and THC3 on the prediction of BA, respectively [63] . For example, assuming that the other variables are constant, a change in one unit on THC1 will increase the predicted value of BA by a m 2 . Since independent variables scales are identical (all range from 0 to 100), the impact of the tree height classes on BA can be compared directly [64] . The transformation of the model by dividing the coefficients by 'b' gives three new ratios; one of those (b/b) is equal to one, and therefore, can be discarded. The other two ratios express the importance of THC1 and THC3 in comparison with THC2 based on the estimation of BA (Formulas (2) and (3)
In Formulas (2) and (3), 'a', 'b', and 'c' are the coefficients of the independent variables THC1, THC2, and THC3, respectively, taken from Formula (1).
The formulated ratios weight the influence of every THC canopy cover on BA. Therefore, those ratios are used in Formula 4 to model ACCI (adjusted canopy cover index), abstracting the model from BA based on the ACCI-based classification. ACCI is formulated as an alternative to CC, which weights partial CC from tree height classes by their influence on forest stocks (BA). ACCI approaches the prediction of fire-induced damage, since it refers to horizontal and vertical structures of a stand and their influence on stocks.
In Formula (4), ACCI is the adjusted canopy cover index, which represents the sum of the partial CC per the three height classes weighted by their effect on BA. Ratio1 and Ratio2 are the ratios of coefficients (Formulas (2) and (3)). THC1, THC2, and THC3 are the independent variables which express the partial canopy cover at every tree height class.
ACCI was calculated for the 70 ground plots and an additional 20 stratified image plots were randomly located over the area with UAV imagery cover.
Image Classification
An orthorectified SPOT6 multi-spectral image from 26 October 2014 was acquired to sort the two nearest neighbour image classifications into four forest strata of fire severity and bare land (for roads and buildings). This SPOT6 image was the first of its kind which, after the fire incident, had an acceptable cloud cover (<2%) over the area of interest. The nearest neighbour method consists of multiresolution segmentation and supervised classification, which were conducted with the software e-Cognition 9.2 [65] . This procedure has proven benefits, such as incorporating spectral and textural information, and therefore has been broadly used in environmental studies [66] . The scale parameter for segmentation was set to 10, image layers were all equally weighted, and heterogeneity criteria were set to 0.3 for shape and 0.5 for compactness.
In order to train and compare the two classifications, two sets of multiple thresholds of fire severity were defined [67, 68] . A set of thresholds was based on BA data, and the other one was based on ACCI, in order to assess the contribution of UAV-derived metrics tn the classification of the SPOT6 image (Table 1) . Strata of fire severity were defined assuming that forest stocks were uniform before the fire. Therefore, low forest stocks were related to severe fire damage. This assumption was based on the inventory carried out in 2008 [53] , and on the fact that Florestoona belongs to the same phytogeographical area of 'Selva Pedemontana de Yungas' [52] . From the data of the 2008 inventory, the BA-benchmark of a fully stocked forest was set to 18 m 2 /ha, and the ACCI-benchmark was assigned arbitrarily to 100. The minimum threshold of a fully stocked forest was based on the recommendation for the sustainable management of native forests in the Yungas, which establishes that a minimum of two-thirds of the original BA (12 out of 18 m 2 /ha) should be left after a regular harvest [54] . The threshold values used to define the other classes were also established as thirds of the benchmark, with the objective of creating homogeneous ranges. However, the less stocked third was additionally divided into two classes, since a piece of land must have 20% CC to be considered a forest [18] . This criteria was extrapolated to the BA-based thresholds in order to get comparable results. An overview of the orthomosaics of the four fire severity and bare land strata is shown in Figure 4 . Two supervised classifications of the same segmented SPOT6 image were conducted using the software e-Cognition based on the BA-based and ACCI-based thresholds. To supervise the classification, segments over imagery and ground plots were assigned to classes. Samples of an additional stratum called 'bare land' were selected over roads and construction areas (houses, sheds). For the BA-based classification, samples were selected over the first 47 inventory plots. For the ACCIbased classification, 64 samples were selected: 44 out of the 47 plots used for the BA-based classification (three had to be excluded due to image blur), and the additional 20 image plots. The rest of the 12,991 samples were assigned to the closest class, based on their similar texture and spectral data from the SPOT6 image.
In order to compare the accuracy of the two methodologies used to stratify the forest, overall classification errors were calculated using Cohen's kappa coefficient (k). This statistic uses a matrix of frequencies of predicted and actual stratum to calculate the agreement between them [69, 70] . Standard error (SE) was calculated, and statistical difference between the k coefficients was assessed with a two sample Z-test and 95% confidence. Furthermore, stratified estimation errors and relative estimation errors were estimated using the BA from a total of 76 plots (one was excluded due to being located outside the fire perimeter), based on Formulas (5) and (6) [71] , respectively. Statistical differences of the mean BA were tested with the use of the Welch t-test on the statistics software R 3.4.2 [62] with a confidence level of 95%. Welch t-tests can be used to compare mean differences in case the sample sizes of groups to compare are small and the variances are not homogeneous [71] . Two supervised classifications of the same segmented SPOT6 image were conducted using the software e-Cognition based on the BA-based and ACCI-based thresholds. To supervise the classification, segments over imagery and ground plots were assigned to classes. Samples of an additional stratum called 'bare land' were selected over roads and construction areas (houses, sheds). For the BA-based classification, samples were selected over the first 47 inventory plots. For the ACCI-based classification, 64 samples were selected: 44 out of the 47 plots used for the BA-based classification (three had to be excluded due to image blur), and the additional 20 image plots. The rest of the 12,991 samples were assigned to the closest class, based on their similar texture and spectral data from the SPOT6 image.
In order to compare the accuracy of the two methodologies used to stratify the forest, overall classification errors were calculated using Cohen's kappa coefficient (k). This statistic uses a matrix of frequencies of predicted and actual stratum to calculate the agreement between them [69, 70] . Standard error (SE) was calculated, and statistical difference between the k coefficients was assessed with a two sample Z-test and 95% confidence. Furthermore, stratified estimation errors and relative estimation errors were estimated using the BA from a total of 76 plots (one was excluded due to being located outside the fire perimeter), based on Formulas (5) and (6) [71] , respectively. Statistical differences of the mean BA were tested with the use of the Welch t-test on the statistics software R 3.4.2 [62] with a confidence level of 95%. Welch t-tests can be used to compare mean differences in case the sample sizes of groups to compare are small and the variances are not homogeneous [71] .
where E is the estimation error; S is the standard deviation of the BA from all the plots of the fire severity stratum; t is the t-value with 95% confidence in a two-tailed test; and n is the number of plots in the stratum. E% = (E/x) × 100 (6) where E % is the relative estimation error; E is the estimation error; and x is the average BA from all the plots in the stratum. Finally, the number of plots necessary to achieve the target stratified estimation error of 20% was calculated with Formula (7) for each of the classifications.
where n is the number of plots used to achieve the stratified estimation error of 20% (0.2); t is the t-value with 95% confidence in a two-tailed test; and S is the standard deviation of the BA from all the plots of the fire severity stratum.
Validation of CHMs
The 'reference tree' heights measured on the ground were correlated with their predictions from CHMs. Dead trees were eliminated from the analysis, since they were not properly detected by the cameras, and only live BA was counted. After this filter, 71 reference trees remained for the correlations. Most of the excluded trees were located on the two most degraded strata, leaving only 13 trees in the two least stocked strata. Therefore, the correlations of the tree heights measured on the field and their estimations from CHM5 and CHM10 were conducted by three groups: (1) fully stocked, (2) burned, and (3) severely burned (SB) together with very severely burned (VSB). Mean absolute error (MAE), RMSE, and coefficient of determination (r 2 ) were calculated for both CHMs and fire severity strata.
Results
UAV Image Acquisition
Two out of the 31 UAV flights were discarded due to incorrect GPS data attachment on the single images, resulting in 3801 images, which covered 2915 ha. In total, 18 GeoTIFF orthomosaics were created according to the groups of flight planning, with a ground resolution of 11.78 cm/pixel, although flights had been planned with a ground sampling distance of 10 cm/pixel. This small variation was expected due to the low precision of the available DTM used for flight planning, terrain altitude variations on the same flight line, and error in GPS positions. During image processing, for 2-D bundle adjustment, an average of 0.42 key points/m 2 was used, and 0.19 key points/m 2 for 3-D bundle adjustment. Point cloud densification was obtained with an average of 8.32 points/m 2 .
Photogrammetric Processing
Small differences between the CHMs were observed in areas of open canopy, as shown in Figure 5 , where a CHM5 and a CHM10 profile along a transect of an example plot are compared. Tree heights are underestimated when DTM is calculated from shrubs or low canopy points, instead of actual terrain. A broader filter improves the accuracy of DTM, since the selection of the points is more likely related to terrain on canopy gaps. The errors of DTM5 and DTM10 are then extrapolated to CHM5 and CMH10. The red arrow on Figure 5 points to an example error on the CHM5, where an abrupt change of canopy height on the model is evident. Small differences can be recognised in the results inside the plot area, although, the red arrow on (a) points to a pixelation related to an error on CHM5. Figure 6 shows, in detail, the example error caused by the lack of key points from terrain, as presented in Figure 5 . A transect of 30 m (from west to east) along a pixelated area is analysed on each of the CHMs. In Figure 6a ,b, CHM5 and CHM10 of the same area are shown. Figure 6c shows the profile of the calculated CHM5. Every five meters, changes in the source DTMs used for its calculation reflect differences in comparison with the CHM10 shown in Figure 6d . The greatest difference between the profiles is presented in the range of easting distance of 15 m and 25 m, where a great pixelation is observed on the CHM5. It is coincident to the point cloud, where no low keypoints were obtained during image matching for these distances (Figure 6e,f) . These differences are due to the obstruction of the terrain caused by a dense canopy above this area. This error is solved using lower resolution DTM (10 m/pixel instead of 5 m/pixel). Small differences can be recognised in the results inside the plot area, although, the red arrow on (a) points to a pixelation related to an error on CHM5. Figure 6 shows, in detail, the example error caused by the lack of key points from terrain, as presented in Figure 5 . A transect of 30 m (from west to east) along a pixelated area is analysed on each of the CHMs. In Figure 6a ,b, CHM5 and CHM10 of the same area are shown. Figure 6c shows the profile of the calculated CHM5. Every five meters, changes in the source DTMs used for its calculation reflect differences in comparison with the CHM10 shown in Figure 6d . The greatest difference between the profiles is presented in the range of easting distance of 15 m and 25 m, where a great pixelation is observed on the CHM5. It is coincident to the point cloud, where no low key-points were obtained during image matching for these distances (Figure 6e,f) . These differences are due to the obstruction of the terrain caused by a dense canopy above this area. This error is solved using lower resolution DTM (10 m/pixel instead of 5 m/pixel). 
Tree Height and Adjusted Canopy Cover Index
In several cases, relatively big live patches of forest with dense canopy cover also produced errors (evident by pixelation) in the calculations of CHM10. Abrupt changes of tree height on CHM were always confirmed through visual inspection on the corresponding orthomosaic. When an error due to dense canopy cover was confirmed, the nearest tree height was manually extrapolated to the analysed point of the CC-grid.
The outputs of the multiple linear regression used to estimate BA by the independent variables THC1, THC2, and THC3 are shown in Table 2 , and the model in the Formula for BA. This model has 
The outputs of the multiple linear regression used to estimate BA by the independent variables THC1, THC2, and THC3 are shown in Table 2 , and the model in the Formula for BA. This model has an adjusted r 2 of 0.76, and all the independent variables have a significant influence with more than 99% confidence. 
where THC1, THC2, and THC3 are independent variables; the number 0.648 is Ratio1; and the number 1.422 is Ratio2. ACCI and BA are plotted on Figure 7 , which shows the thresholds for the definition of strata of fire severity based on ACCI thresholds used for the image classification. an adjusted r 2 of 0.76, and all the independent variables have a significant influence with more than 99% confidence. BA can be predicted from the partial CC at every THC (BA = 0.14742 × THC1 + 0.22734 × THC2 + 0.32320 × THC3 − 0.93010). Ratio1 (THC1/THC2) = 0.648 expresses that canopy cover from THC1 has a 35.2% lower impact on the BA than that from THC2. Ratio2 (THC3/THC2) = 1.422 expresses a 42.2% stronger impact of THC3 on BA than THC2. ACCI is then calculated by Formula 8. ACCI = 0.648 × THC1 + THC2 + 1.422 × THC3 (8) where THC1, THC2, and THC3 are independent variables; the number 0.648 is Ratio1; and the number 1.422 is Ratio2. ACCI and BA are plotted on Figure 7 , which shows the thresholds for the definition of strata of fire severity based on ACCI thresholds used for the image classification. Figure 7 . Scatter plot of ACCI values and BA for each of the 70 plots where both data were available (black dots). The plot shows the thresholds (black dashed line) for defining strata of fire severity based on ACCI values (VSB for very severely burned, SB for severely burned, burned and fully stocked). The red dotted line shows the trend line of an adjusted polynomial equation of second order. The equation and r 2 are nor reported, since it is only illustrative: another correlation would be repetitive to the results shown in Table 2 .
Image Classification
Image segmentation resulted in 12,991 polygons of an average of 3036 m 2 from a total area of 3944 ha. Figure 8 shows the maps of both classifications of the SPOT6 image (BA-based and ACCI-based). Table 2 .
Image segmentation resulted in 12,991 polygons of an average of 3036 m 2 from a total area of 3944 ha. Figure 8 shows the maps of both classifications of the SPOT6 image (BA-based and ACCI-based). The matrices used for the calculations of the Cohan's kappa coefficient (k) are reported in Table  3 . The overall accuracies of the classification show no statistically significant differences (p-value: 0.43): k of 0.60 (69.7% of the plots correctly predicted, SE: 0.04) in the BA-based classification, and 0.55 (67.1% of the plots correctly predicted, SE: 0.04) in the ACCI-based classification. Table 4 reports and compares the results of the classification with the classes SB and SVB joined as a unique class, representing the least stocked third. For all the strata, the relative estimation error is lower in the ACCI-based classification and lower than the target of 20% for the strata 'burned' and 'fully stocked'. However, the most damaged third (VSB + SB) presents a stratified relative estimation error over the limit of 20% (as it is prescribed for inventories in Argentina) in both classifications. Since the calculation of relative error is based on average BA, low average BAs are more sensitive to changes in estimation errors [63] . Table 3 . Matrices of predicted and actual strata used for the calculations of the Cohen's kappa coefficient (k) of both classifications (the ACCI-based and the BA-based classifications). The results of the least stocked third are then separated into the strata 'very severely burned' and 'severely burned' (Table 5) . Dividing the least stocked third into the classes VSB and SB was necessary for two reasons: (1) to reduce the influence of low values of BA on the whole class by having two more homogeneous strata; and (2) to identify and isolate those areas under 20% of ACCI (closely related to CC), since it is a threshold for the definition of a forest under Argentinian law. The amount of area assigned to each of the strata is similar for both classifications, except for a difference of around 300 ha between the most and the least stocked strata (Table 4) . For the BA-based classification, 2191 ha are assigned to the least stocked third, corresponding to 1237.6 ha of the stratum VSB and 953.4 of SB (Table 5 ). For the most degraded third, only slight differences were reported between the classifications in terms of area classified as SB. However, a great difference can be appreciated for the stratum VSB. This can be explained by the results reported in Table 3 , which show that of nine plots The matrices used for the calculations of the Cohan's kappa coefficient (k) are reported in Table 3 . The overall accuracies of the classification show no statistically significant differences (p-value: 0.43): k of 0.60 (69.7% of the plots correctly predicted, SE: 0.04) in the BA-based classification, and 0.55 (67.1% of the plots correctly predicted, SE: 0.04) in the ACCI-based classification. Table 4 reports and compares the results of the classification with the classes SB and SVB joined as a unique class, representing the least stocked third. For all the strata, the relative estimation error is lower in the ACCI-based classification and lower than the target of 20% for the strata 'burned' and 'fully stocked'. However, the most damaged third (VSB + SB) presents a stratified relative estimation error over the limit of 20% (as it is prescribed for inventories in Argentina) in both classifications. Since the calculation of relative error is based on average BA, low average BAs are more sensitive to changes in estimation errors [63] . Table 3 . Matrices of predicted and actual strata used for the calculations of the Cohen's kappa coefficient (k) of both classifications (the ACCI-based and the BA-based classifications). The results of the least stocked third are then separated into the strata 'very severely burned' and 'severely burned' (Table 5) . Dividing the least stocked third into the classes VSB and SB was necessary for two reasons: (1) to reduce the influence of low values of BA on the whole class by having two more homogeneous strata; and (2) to identify and isolate those areas under 20% of ACCI (closely related to CC), since it is a threshold for the definition of a forest under Argentinian law. The amount of area assigned to each of the strata is similar for both classifications, except for a difference of around 300 ha between the most and the least stocked strata (Table 4) . For the BA-based classification, 2191 ha are assigned to the least stocked third, corresponding to 1237.6 ha of the stratum VSB and 953.4 of SB (Table 5 ). For the most degraded third, only slight differences were reported between the classifications in terms of area classified as SB. However, a great difference can be appreciated for the stratum VSB. This can be explained by the results reported in Table 3 , which show that of nine plots predicted as VSB in the BA-based classification, three were actually fully stocked. The stratum VSB has low stocks, leaving open areas for the colonisation by grass and vines [1, 54, 72] . A misclassification of stands between the strata VSB and 'fully stocked' can be observed, probably due to the similar spectral characteristics that those strata display [73] . ACCI-based classification, since it takes information from canopy cover, has achieved a reduction of misclassified areas due to similar spectral responses of grass (and vines) and fully stocked forest. From the ACCI-based classification, homogeneous strata with a reduced number of outliers, and a relative estimation error lower than 20%, were achieved for all the areas with an ACCI value higher than 20. Tables 4 and 5 also report the number of ground plots required to achieve the target error. For the BA-based classification, 28 and 17 additional ground plots would be necessary in order to achieve the target error for the classes SB and 'fully stocked', respectively; whereas no additional plots are necessary for the ACCI-based classification. Statistically significant differences can be seen between all the strata from the ACCI-based classification, but only between the two middle strata from the BA-based classification (Figure 9 ). The better precision of the ACCI-based classification in comparison with the BA-based classification, might be due to a larger number of training areas used to run the classifications (64 and 47, respectively), and to the detection of misclassified areas with a similar spectral response. This is one of the main outputs of this research, because having used the same number of ground plots, more homogeneous strata were achieved by additional samples of UAV imagery, for which only ACCI values were calculated. Statistically significant differences can be seen between all the strata from the ACCI-based classification, but only between the two middle strata from the BA-based classification (Figure 9 ). The better precision of the ACCI-based classification in comparison with the BA-based classification, might be due to a larger number of training areas used to run the classifications (64 and 47, respectively), and to the detection of misclassified areas with a similar spectral response. This is one of the main outputs of this research, because having used the same number of ground plots, more homogeneous strata were achieved by additional samples of UAV imagery, for which only ACCI values were calculated. Figure 9 . Box plot of basal area (BA) by forest strata reported separately for the results of the BAclassification (A) and the ACCI-based classification (B). VSB is abbreviation for the stratum 'very severely burned', SB for 'severely burned'. Different letters on top of the whiskers report statistically significant differences between the mean BA among the strata, and white circles report outliers.
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Validation of CHMs
Coefficient of determination, RMSE, and mean absolute error of the correlations of tree heights measured on the ground against their estimation from CHM5 and CHM10 are shown in Table 6 . Graphs of correlations are shown in Figure 10 , discriminated by strata, and by CHM5 and CHM10. For all the analysed strata, tree height is underestimated. This might be due to the limitation of optical sensors to reach data under the canopy, and low vegetation. The more severe the fire, the lower the obstruction caused by the forest canopy and, consequently, the lower the estimation error. The reduction in the estimation error is also evident for CHM10 in comparison with CHM5. Table 6 . Mean absolute error (MAE) of tree height estimation by CHM5 and CHM10 and coefficient of determination value (from the correlation of observed and estimated tree height), discriminated by fire severity strata. Sample size is reported in parenthesis. . VSB is abbreviation for the stratum 'very severely burned', SB for 'severely burned'. Different letters on top of the whiskers report statistically significant differences between the mean BA among the strata, and white circles report outliers.
Coefficient of determination, RMSE, and mean absolute error of the correlations of tree heights measured on the ground against their estimation from CHM5 and CHM10 are shown in Table 6 . Graphs of correlations are shown in Figure 10 , discriminated by strata, and by CHM5 and CHM10. For all the analysed strata, tree height is underestimated. This might be due to the limitation of optical sensors to reach data under the canopy, and low vegetation. The more severe the fire, the lower the obstruction caused by the forest canopy and, consequently, the lower the estimation error. The reduction in the estimation error is also evident for CHM10 in comparison with CHM5. 
Discussion
In this research, the assessment of fire severity is addressed by damage to the forest canopy and the reduction of forest stocks [21] . Whereas reflectance data of the forest were acquired from the SPOT6 image and used for its segmentation and classification, photogrammetry-derived structure attributes (CC and tree heights) were calculated from UAV imagery, and correlated with BA acquired from the ground inventory. The correlation of partial canopy cover at three tree height classes against BA had an r 2 of 0.76, the same as the results found by Bohlin et al. (2012) [46] 
In this research, the assessment of fire severity is addressed by damage to the forest canopy and the reduction of forest stocks [21] . Whereas reflectance data of the forest were acquired from the SPOT6 image and used for its segmentation and classification, photogrammetry-derived structure attributes (CC and tree heights) were calculated from UAV imagery, and correlated with BA acquired from the ground inventory. The correlation of partial canopy cover at three tree height classes against BA had an r 2 of 0.76, the same as the results found by Bohlin et al. (2012) [46] , but higher than the ones of Puliti et al. (2015) [34] , who obtained prediction of BA with an r 2 of 0.60 using an ALS-derived DTM. Fraser et al. (2017) [49] also obtained less promising results using UAV and Landsat imagery derived spectral indexes to predict the Composite Burned Index (CBI), as an indicator of fire severity, with an r 2 between 0.36 and 0.6. However, they found r 2 between 0.69 and 0.81 when comparing the indices they formulated from both remote sensors (UAV and Landsat imagery), which is better than the correlation to CBI estimated on the ground. In this research, the good prediction of ground data might be attributed to the higher number of field plots, as well as the use of tree height classes and not only total CC. These results allowed the use of ACCI as a prediction of forest stocks without the need for expensive ALS equipment. ACCI is presented in this research as an alternative to CC to define classes of fire damage, weighting CC from tree height classes by their influence on forest stocks (BA). In this context, ACCI was shown to achieve a good prediction of fire-induced damage to forest stocks, equating to forest economical degradation, since it refers to horizontal and vertical structures of a stand and their influence on growing stocks [15] . The final aim of this research was to delineate homogeneous stands of a forest area with fire-induced heterogeneous stocks in order to plan their rehabilitation; therefore, pre-fire stocks were considered homogeneous along the forest [49, 67, 68] . The proposed methodology has proven to be a powerful tool to delineate forest stocks after fire, but only when the forest is open enough to allow the sensors to get information about the terrain elevation.
An area-based approach to conduct forest inventories is structured in two steps: in the first step, ground and remotely-sensed data are correlated; in the second step, the predictive models are applied to a wall-to-wall cover [33, 45] . Responding to the recommendations of Ene et al. (2016) [48] , the presented methodology added a third step, since three source data scales are available: local (ground plots), partial cover (UAV imagery), and wall-to-wall cover (satellite image). Adding strategically localised UAV flights to a plot-based field inventory allowed us to correlate field data with UAV-derived metrics. Therefore, the supervision of satellite image classification could be conducted in areas where no ground data was available, but only UAV-imagery. This methodology achieved a reduction in the number of outlier misclassified stands in comparison with the approach where only ground data was used for supervision. Therefore, the stratified BA-based estimation error from the classification could be achieved by additional image plots without the need for a higher number of inventory plots, which are costly to conduct. In the present case study, the desired BA-based error was achieved with an additional 20 image plots, but depending on the objectives of the inventory, more image plots could be calculated on UAV imagery in order to improve image classification further. From another perspective, Puliti et al. (2018) [50] demonstrated that adding wall-to-wall Sentinel-2 data to an inventory conducted with partial cover UAV imagery and ground plots drastically decreases the need for UAV cover.
Regarding the accuracy of the estimation of tree heights, three different cases must be separately analysed. The first one when the ACCI value is higher than 66 (which relates to the stratum 'fully stocked'). The estimation of individual tree height by the CHM5 without any human supervision has a mean absolute error of 6.8 m, and the adjusted coefficient of determination from the correlation of the observed and estimated individual tree height is insignificant (0.06). The predictions have a better approach when the CHM10 is used (MAE: 4.54 m, r 2 : 0.12), but are still not satisfactory. In general, for dense canopy cover forest areas, the results have confirmed the findings of Dandois and Ellis (2010) [39] . In those cases, it is better to count with another source to calculate a precise DTM, because the errors are extrapolated to the calculation of CHM. However, in these cases of dense canopy cover, orthomosaics have been used to identify the causes of the pixelation through visual inspection, and to manually correct it while estimating partial CC pat the THC. The second case is for the stratum 'burned' (with ACCI values between 33 and 66). The results found for this stratum (r 2 : 0.44, RMSE: 4.20 m) are comparable to those found by Dandois and Ellis (2010) [39] using UAV imagery to estimate the surface model and DTM for ALS data (r 2 : 0.53, RMSE: 4.31 m). More accurate predictions were found by the same authors using DTM calculated from UAV imagery (r 2 : 0.64, RMSE: 3.76 m). In this case, the authors attributed the error to a possible GPS limitation at calculating altitudes, and to the obstruction of the view to calculate DTM under dense canopy cover. Correcting those limitations by the use of GCPs (ground control points), the same authors reported better results in another experiment for both cases, with DTM from UAV imagery (r 2 : 0.74, RMSE: 3.28 m) and from ALS data (r 2 : 0.8, RMSE: 2.88 m). Those values corrected with GCPs, and the use of ALS data for calculating DTM, are similar to the findings in this research for areas with an ACCI value lower than 33 (third case of analysis), where the r 2 of the correlation between observed and predicted tree heights is 0.79 and 0.8 for CHM5 and CHM10, respectively. RMSEs are also similar to the ones found by Dandois and Ellis (2010) [39] : 2.96 m and 2.85 m for CHM5 and CHM10, respectively. However, Lisein et al. [30] achieved better estimations of individual tree heights using DSM from UAV, and DTM from ALS, with significantly better precision (r 2 : 0.91, RMSE: 1.04 m). Those authors also found a correlation of 98% between CHM from UAV and ALS data when using the same DTM model for the calculations. Additionally, more promising results were found by Wallace et al. (2016) [37] , who estimated CHM in relatively open Australian forest with an RMSE of 1.3 m. However, in this case, the study area was only 1500 m 2 , and the flight altitude only 30 m above ground level, catching 425 images for the area. Such intensive acquisition of images is not feasible at the field scale of the present research. The same authors mentioned a reduction of precision at a higher flight altitude, and under dense canopy covers. In summary, better precision was obtained when the canopy cover of the stands was lower. Those limitations are coincident to Wallace et al. (2016) [37] and Dandois and Ellis (2013) [41] , who calculated more accurate DTM in sparse forest than in areas with dense canopy cover.
The use of UAV imagery to assess canopy cover is usually recommended only if a detailed terrain model is available, since the DSM only penetrates the terrain if there are gaps in the forest [32] , as dense canopies limit the assessment of under-story objects . In Argentina, the available DTM has a resolution of 30 m/pixel with an error of 3 m in altitude, which is far less precise than those of lower than 1 m horizontal and 0.15 m vertical resolutions in some developed countries [26, 77] . However, from this research, a step forward in the assessment of fire-induced open forest areas was achieved. The use of UAV technology was used for the assessment of a fire-induced open forest where no precise high-resolution DTM was available. Supervision was needed to estimate tree height accurately, since dense canopy cover caused error in the automatic calculation of CHMs. The lower resolution DTM (10 m/pixel) proved to avoid many errors in the estimations of the CHM, which are frequently observed (by pixelation) on the CHM5. A bigger spacing for their calculations increases the chance to reach data closer to the actual terrain, although this gain in precision is obtained at the expense of a lower resolution. For the example of the case study area, this methodology allowed an increased resolution of the DTM, from 30 m/pixel to 10 m/pixel, keeping the same expected vertical error (3 m) from the available SRTM-DTM for the stands with an ACCI value lower than 66. Furthermore, those errors can be reduced if a high precision and resolution DTM is available in the area, using UAV imagery only for the calculation of DSM and the consequent CHMs. These results are less promising when the canopy cover is increased, and therefore the use of UAV imagery, and the related methodology presented here, can be recommended for the assessment of canopy height, only over open forest. The limitation of optical cameras for assessing understory objects when dense canopy was present were solved through the use of a grid to estimate partial CC per tree height class and visual inspection in order to correct errors on CHMs.
Conclusions
The results reported in the current study showed a remarkable contribution of partial cover UAV imagery-derived metrics to reduce stratified estimation error in an area-based inventory, in comparison with the traditional approach of using only ground plots and satellite imagery. This approach allowed us to accurately classify a wall-to-wall satellite image into four fire severity strata over large areas, requiring a relatively low number of ground plots (77 plots over 2944 ha). A conventional area-based inventory would have required an additional 45 ground plots to achieve a target stratified estimation error (BA-based) of 20%, whereas in the conducted study case, the target error was achieved with 20 image plots over partial cover UAV imagery. Training image classification with UAV-derived metrics (CC and tree heights) allowed us to avoid the misclassification of areas with a similar spectral response, such as dense canopy forest and areas colonised with vines. A certain number of sample plots is still necessary to complete the correlations, and additional image plots can be measured on UAV imagery to train and improve the classification, based on a 'three steps' area-based approach.
The prediction of tree heights is underestimated, with an RMSE ranging from 2.8 to 8.3 m, having the most limitation over close canopy forest (ACCI larger than 66), since ground data under dense canopy is hard to sense, and most of the lowest acquired data in the point cloud are actually related to low canopy. From the two DTM resolutions (5 m and 10 m) tested, the best accuracy was achieved using the largest pixel size, since it is less sensitive to small areas with dense canopy. Since the available DTM in Argentina has a 30 m/pixel resolution, it can be concluded that this approach is convenient where no high resolution DTMs are available, and the acquisition of ALS data is limited by the project budget.
Further research should concentrate on cost-efficiency analysis of the alternative methodologies to justify or reject the use of partial cover UAV imagery, at different scales and target errors. Multi-temporal analysis, where the precision of the image-derived DTM from forest areas affected by mixed-severity fires is evaluated at different stages of vine colonisation, is another topic to consider in further studies.
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